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ABSTRACT 
The debate over Airbnb is increasingly gaining attention both in academic and non-academic 
spheres. However, in specialized literature almost all analyses have ignored the spatial 
dependence behind it, that is, when landlord’s decisions to raise or keep prices are related to 
each other. In the City of Madrid, non-spatial and spatial regressions were compared over 
individual rental prices. Results suggest that traditional models were biased and, once 
contemplating these effects, the impact of Airbnb is no longer significant. The causes could 
be the lower profitability, lack of legal guarantees and a strong competition of professional 
hosts. As a result, there are less incentives to displace dwellings from the rental market and 
push rental prices up. 
Keywords: Airbnb, housing rents, endogeneity, spatial dependence. 
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1. Introduction 
Sharing or "peer-to-peer" companies frequently deal with fragmented buyers which are also 
highly differentiated one from another. However, all the companies share common aspects such 
as lower entry costs, short-term contracts, direct transactions and the use of digital media (Fradkin 
2017). 
When solving these problems, peer-to-peer companies have a trade-off between two objectives: 
received and use plenty of information efficiently and minimize transaction costs (Einav et al 
2016). 
Airbnb is a company that defines itself as collaborative1. It consists of an intermediation between 
those who offer a house or room for rent and those who seek it. The entire procedure is done in 
the website and with the guarantee of Airbnb. The company does not own these dwellings or 
organize the stays but receives a commission each time a rental is accepted. 
In recent years, Airbnb has been a matter of debate for the effect it may have on other markets. 
However, the literature on the subject is focused on the impact over the hotel industry (Zervas et 
al. 2014) and over the housing markets (Barron et al. 2017; Horn and Merante 2017; Sheppard 
and Udell 2018; Segú 2018). Therefore, local governments have regulated this sector under little 
support in the literature or without enough information. 
The objective of this work is to determine the impact that Airbnb has on the rental prices in the 
City of Madrid. In addition, these effects will be compared between groups of homes depending 
on the spatial structure of the data. 
Those against Airbnb consider that the company has replace owners with short-term hosts. 
Consequently, housing supply could have been reduced and prices increased afterwards. 
Additionally, if tenants anticipate the possibility of their apartments being moved to the Airbnb 
market, they will be willing to accept higher prices and, as a result, push them up. 
Other things to be considered against Airbnb are externalities such as noise or crime. These effects 
could not only decrease rental prices but also harm the coexistence in those neighborhoods. 
Finally, the hotel industry has looked with bad eyes how Airbnb have easily acceded this market 
without minimum health or safety requirements. This problem implies not only a lower market 
share for the hotels but also the need of innovating to maintain their status. 
Those in favor of Airbnb argue that through this company owners could earn an “extra money” 
while tourists can share a “local experience”. This would imply an increase in the tourism of the 
city and, therefore, greater economic activity (Kaplan and Nadler 2015). For that reason, in a 
certain way, collaborative economy platforms can be described as means to achieve efficiency in 
goods and services that are underutilized (Barron et al. 2017) 
This research aims to make three contributions to the current literature. First, an empirical study 
of the Airbnb effect in Madrid, a city where rental prices have increased 9% annually since 20142. 
Secondly, this work uses individual data which comes from web scraping techniques on Spanish 
rental websites and the Airbnb platform. Finally, the main contribution is to incorporate to the 
current literature the effects of spatial dependence and heterogeneity. 
                                                          
1 Airbnb citizen website. Retrieved January 7,2019 https://www.airbnbcitizen.com/ 
2 Madrid Database 2019. City Council of Madrid. Retrieved March 13, 2019 http://www-
2.munimadrid.es/CSE6/jsps/menuBancoDatos.jsp 
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The city of Madrid is the capital of Spain and one of the most important tourist centers across 
Europe3. In 2017, Madrid received 9.9 million tourists which generated more than 20.9 million 
euros4. In addition, the increases in the number of tourists in Spain have coincided with a rise in 
the prices of homes. This have created a debate concerning a possible relation between both 
markets5. 
Estimating the impact of Airbnb has an important limitation: the lack of official data. In the city 
of Madrid, there is no rent reference index and the official data of the housing market is not 
updated (last estimates of the housing stock in Madrid are from 20112). 
In turn, companies such as Airbnb have few years in the Spanish market and the data update is 
not regular. In consequence, data scraping techniques were applied on two rentals websites in 
Madrid (Fotocasa and Pisos.com) and Airbnb (Inside Airbnb). 
Once the information is filtered, this research involved three problems to be solved: how to define 
Airbnb density, how to avoid endogeneity on the regressions and how to correct for spatial 
dependence on data. 
The database of this work contains geographic information such as latitude and longitude 
coordinates of each dwelling. This makes possible to create buffer zones around each rental house 
and find out how many Airbnbs are around it. Subsequently, the characteristics of this Airbnbs 
will be the most adequate to correct the endogeneity problem in the regression by using 2 Stage 
Least Squares Estimation (2SLS). 
The problems of spatial autocorrelation and heterogeneity are usually common under models with 
geographic data. In this case, the location and similarity of data across regions are crucial in the 
rental market. To correct this issue, it will be necessary to include a spillover effect and the 
creation of clusters on the data. 
The structure of this work will be the following. First, section II presents a review of the literature 
and a brief description of the current regulation of Airbnb in Madrid. Section III describes Airbnb 
data and the rental market, but also defines the concept of Airbnb density over data. Then, all the 
methodology is considered under spatial and non-spatial effects, accompanied by a brief review 
on the theoretical basis of the spatial model. Sections IV, V and VI have a discussion of the results 
and the conclusions. Finally, sections VII and VIII include the references and annexes of this 
work. 
2. Background  
2.1. Airbnb regulation in Madrid  
Airbnb, founded in 2008, is a company that intermediates the accommodation through individuals 
or also called short-term rental market. The idea is to offer its platform so that suppliers and 
customers can value their services. They also guarantee the payment of the accommodation and 
share reviews and photos from the users. 
There are three types of accommodation: entire properties, private rooms and shared rooms. Each 
of them is referenced by a price per night imposed by the landlords which are called hosts. 
                                                          
3 The map of the city of Madrid with the 21 districts and the areas under study (Almond Districts) can be seen in Annex 1 
4 Statistics from Madrid Tourism. Retrieved March 13, 2019, from https://www.madrid-destino.com/turismo/estadisticas. 
5 Red2red Consultores (2017). Análisis del impacto de las viviendas de uso turístico en el distrito Centro.  
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Furthermore, each has the option of establish certain conditions such as deposits, additional fees 
or a minimum number of nights. 
Regarding the regulation of this market, until now only the Decree 79/2014 has supervised the 
tourist apartments and accommodation (called VUT) in the Community of Madrid6. This level of 
regional government has attributed the management of business tourism and, therefore, 
everything related to it. 
In Madrid, tourist apartments must have a first occupation license and deliver a responsible 
activity statement to the local community. In addition, the VUTs cannot be considered as habitual 
residences if they have at least three consecutive months active. 
As a result, there is no consideration in the law for the so-called collaborative models of Airbnb, 
but, on the contrary, only those dwellings destined to carry out an economic activity are regulated.  
In many cases, this occurs with hosts of more than one announces or entirely dedicated to this 
business, also called professional hosts.7 
2.2. Literature review  
Airbnb has been criticized for its presence in the hotel and residential market. Numerous authors 
have discussed the so-called "Airbnb effect" on the real estate market and, in most of the debates, 
Airbnb does seem to affect the real estate prices (Barron et al. 2017; Horn and Merante 2017; 
Sheppard and Udell 2018; Segú 2018). 
The first investigations were focused on hedonic price regressions with differences in differences 
approximations to assess the impact of Airbnb’s appearance. Barron, Kung & Proserpio (2017) 
studied the impact across zip codes in the United States. The authors also used instrumental 
variables to control for endogeneity, including the number of searches of the word "Airbnb” on 
the Internet and the number of commercial premises in a certain region. They determined that a 
1% increase in the number of airbnbs increases rents by 0.018% and sale prices by 0.026%. 
Subsequent works focused on the analysis of housing units and not geographical areas. Horn and 
Merante (2017) studied the effect of Airbnb on rental prices in the City of Boston. The Airbnb 
variable was defined as the percentage of dwellings dedicated to Airbnb in a census tract. Through 
a panel data analysis, they determined that an increase in the standard deviation over Airbnb 
density increases the rental price by 0.4%. 
Sheppard and Udell (2018) studied the impact of Airbnb's entry on the real estate market in New 
York City. The variable Airbnb was estimated as the number of publications around each dwelling 
at the time of its sale and, as for endogeneity, they assumed this cannot be relied upon to measure 
causal impacts. The conclusion was that by doubling the number of airbnbs 300 meters away, the 
sale price increases between 6 and 9%. 
The most recent work and related to treat spatial effects is from Ayouba et al. (2019) where they 
estimated the Airbnb impact over rental rates in France. The dataset was defined by individual 
apartments and they evaluate the Airbnb density as the percentage of dwelling published on 
Airbnb in a certain geographical region. The results suggested that, when allowing for 
                                                          
6 Community of Madrid. Retrieved March 17,2019 from 
http://www.madrid.org/wleg_pub/secure/normativas/contenidoNormativa.jsf?opcion=VerHtml&nmnorma=8631&cdestado=P#no-
back-button 
7 The city council of Madrid has recently approved for 2019 the “Plan Especial de regulación del uso de servicios terciarios en la 
clase de Hospedaje” (PEH). The new regulation seeks to control the number of VUTS in the most centric Districts by requiring an 
independent access and applying for a license in the hole city of Madrid. 
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heteroscedasticity and spatial error autocorrelation of unknown forms, Airbnb puts upward 
pressure in some cities.  
In Spain, the evidence of the impact of Airbnb on the real estate market is limited. This occurs 
due to an absence of official data and a scarce historical information. 
Segú (2018) is one of the few empirical works on the impact of Airbnb in the city of Barcelona. 
Airbnb density was defined as the number of publications by neighborhoods under a required 
level of activity while endogeneity was solved by using instrumental variables. Among them, the 
distance to the beach and several demographic variables could altogether determine that Airbnb 
was responsible for a 4% in the increase of the rents. 
In the City of Madrid, the only work that refers to the Airbnb effect comes from the Spanish 
Associations of Housing and Tourist Apartments (Fervitur 2018). They analyzed the impact of 
VUTs on the housing market using neighborhoods in Madrid during 2016. The results were that 
the effect on rents was null but, in the case of the Central District, the VUTs were responsible for 
a 1.19% increase over rates. The report also denies there was a reduction in the supply of housing 
but, instead, justifies the price increase as changes in demography and the economic recovery.8 
Despite all the efforts to quantify the impact of Airbnb in the housing market, there is no work in 
Spain related to spatial econometric or any spatial technic applied to this matter. Nor the spatial 
dependence or spatial heterogeneity has been treated but only endogeneity as it is a root of bias. 
Therefore, this investigation seeks to control these problems and compare it with the usual 
estimation approach on the literature. 
3. Methodology 
3.1. Data 
3.1.1. Airbnb 
The Airbnb data comes from Inside Airbnb, a community of activists called Murray Cox. They 
are responsible for scraping all the information from Airbnb website and publish it every month 
for different cities around the world, including Madrid. 
The website offers features of the hosts and the announcements they make on Airbnb. In the case 
of Madrid, a sample of 17,008 observations was obtained for the month of April in 2018, which 
includes entire dwellings, private and shared rooms. For every listing there are aspects such as 
room characteristics, host id, geographical coordinates and the date of first and last review. This 
allows me to track the level of activity. 
The first assumption of this work is that only entire homes published on Airbnb could affect rental 
prices. On this, the previous literature maintains the same idea since, among other reasons, there 
is insufficient data to analyze and differentiate the impact of the rooms on Airbnb over the rental 
market. 
Another of the first decisions when estimating the Airbnb effect is to distinguish those announces 
that are active and could generate an impact on the rental market from those who are not. On this 
aspect, there is literature from Zervas et al. (2014), Barron et al. (2017) and Segú. (2018). Under 
all cases, the level of activity of an advertisement is measured according to the date of the last 
review on the web and this could be defined by three options: 
                                                          
8 Although this report gets some conclusions, it does not provide detailed information on the methodology used in the study. 
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The first one is to take the Airbnb first review as a reference and consider it active since then. 
This can be inconvenient because there are advertisements that once were active, but they stopped 
updating and could overestimate the Airbnb density. 
The second option is to select listings on Airbnb that maintain a level of activity greater than three 
months since the last review. The third, and last, is to replace the three months by six to give them 
a greater margin on the level of update. 
When observing the changes in the evolution of the announcements of entire homes (Figure 1), it 
is evident that to consider them all as actives would imply to overestimate the Airbnb supply. 
Specifically, only in the month of April the difference between those with respect to the minimum 
three months of activity (8,286) and six months (9,328) indicates a high bias on the data. 
Figure 1: Number of listings in Madrid by level of activity 
 
Data comes from InsideAirbnb. 
In order to compare the effects by activity levels, the entire analysis will be based on the six 
months of activity. The goal is to avoid inactive announces and give some margin on errors in the 
database both on Inside Airbnb and on the Airbnb website. 
3.1.2. Rental market 
The data was obtained from a web scraping on two well-known rental websites in Spain: 
pisos.com and fotocasa.es. Each of them is an online real state database where users can post 
homes for sale or rent. These websites also include a description both physical and geographical, 
which could be extracted and then analyzed using statistical programs. 
The sample obtained includes 5,442 properties published during the month of April in 2018 with 
the characteristics that appear in Annex 2. 
In the first place, almost 60% of the sample is grouped mainly in the Central Districts of the City. 
These are, in turn, homes that concentrate the highest average rental price and price per square 
meter, but they are not the largest in terms of square meters or number of bedrooms. 
One of the disadvantages of using prices from websites is that they could not be reflecting the 
final price of rentals agreements in the City9. However, since data comes from a web scraping, 
the price per square feet has been used as a proxy for the rental prices. This procedure has been 
                                                          
9 In Madrid, the Instituto de la Vivienda de Madrid (IVIMA) currently regulates the obligation of landlords to get into deposits in 
order to guarantee and keep control over rents. These data exist but are not public by the open data policy of the regional government.  
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previously used in the literature and can be seen in Cheshire and Sheppard (1998), Orford (2000) 
and Chasco et al. (2018). 
3.1.2.1. Exploratory Spatial Data Analysis (ESDA) 
The ESDA consists on observing the tendencies and possible groupings of the data over certain 
geographical areas. Specifically, if a variable (such as the rental price) presents some of these 
problems (non-normal distribution, atypical points, spatial autocorrelation or spatial 
heterogeneity) it is reasonable to think that the residuals of any regression may be altering the 
results (Chasco 2008). 
Figure 2 shows the distribution of the houses according to the price quartile to which they belong. 
Clearly, the Central Districts (also called Almond Districts) group the largest housing supply of 
the last quartile and could be a sign of spillover effects, that is, high prices which are surrounded 
by high prices and vice versa. 
Figure 2: Quartiles of price per square meters in Madrid 
 
Data comes from Fotocasa and Pisos.com. 
For recognizing the presence of spatial autocorrelation, the Moran Test is defined as a coincidence 
of similar values in nearby locations (Anselin 2000). A positive Moran index indicates positive 
spatial autocorrelation (high prices-high prices or low prices-low prices) while a negative value 
would indicate a high-low relation on the variable to be studied. The effect of spatial 
autocorrelation can be contrasted through the Moran test (Cliff and Ord 1973,1981) which is 
defined as: 
𝐼 =
𝑛
𝑆𝑜
∑ ∑ 𝑊𝑖𝑗(𝑦𝑖 − ?̅?)
𝑛
𝑗=1
𝑛
𝑖=1 (𝑦𝑗 − ?̅?)
∑ (𝑦𝑖 − ?̅?)2
𝑛
𝑗=1
 
(4) 
Where 𝑦𝑖 is the variable to be studied (in this case the rental price per square meter), and ?̅? is the 
mean of the variable 𝑦, 𝑊 is the spatial weights matrix and 𝑆𝑜 is the sum of the elements of the 
matrix 𝑊. 
The spatial weights matrix 𝑊 expresses the neighborhood relations existing between the 
observations (Chasco 2008) and, in this case, it is a square matrix of order n = 5542 in which the 
elements 𝑤𝑖𝑗 of the matrix are the spatial weights: 
𝑊 = [
𝑤11 ⋯ 𝑤1𝑛
⋮ ⋱ ⋮
𝑤𝑛1 ⋯ 𝑤𝑛𝑛
] 
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This matrix reflects the “spatial influence” of unit j on unit i and impose a structure in terms of 
who are the neighbors for each location. 
For this work, I first choose a W contiguity matrix where both rows and columns represent a 
dwelling in the geographical space. This matrix allows for expressing the relationship of each 
dwelling with those around it through a binary combination where 𝑤𝑖𝑗 = 1 states i and j are 
neighbors, and 0 otherwise. By convention, the self-neighbor relation is excluded, so the diagonal 
elements of 𝑊 are 0.  
𝑊 is usually row-standardized ( 𝑊𝑆 ) in such a way that the elements of each row add 1, to 
facilitate the interpretation of the coefficients. In this case, by multiplying ( y𝑊𝑆 ) the result is a 
weighted average of the rental price per square meter of the neighbors of i. 
The results show an average of 22 neighbors per dwelling and a complex framework in the 
Almond Districts, where a large part of the sample is also concentrated (see Annex 3)10.  
From the frequency histogram it can also be observed that the greatest number of connections 
between the houses are within 5 and 9 links. Therefore, a spatial weights matrix was created based 
on the idea of the nearest k-neighbor, such that: 
𝑤𝑖𝑗 = {
 1 if  𝑗 is one of the k nearest neighbors to that of 𝑖
0 otherwise
 } 
For this work, a matrix of 9-nearest neighbors will be used since it is the highest frequency of 
relations between dwellings and, in addition, it is consistent with the socioeconomic environment 
that exists in the City of Madrid.11 In this way, each house is required to have at least 9 neighbors 
around him to define a suitable range of approach. 
Once the spatial weights matrix is estimated, the absence of spatial autocorrelation can be 
inspected on the logarithm of the rental price per square feet log (𝑝𝑟𝑖𝑐𝑒/𝑚2). 
The results reject the null hypothesis of no spatial autocorrelation (I = 0.38 and p-value = 0.000) 
and confirm that houses with high / low price levels are grouped together in the City of Madrid. 
This test also makes inference about the normality of the distribution as the number of Moran 
Tests increases. How the information is the same, the statistical program is designed to obtain a 
permutation of values with a random distribution by assigning different values in each 
geographical location (Anselin 1995). 
Figure 3: Global Spatial Autocorrelation 
 
                                                          
10 The results are not consistent with the socioeconomic relationship in the City of Madrid. For instance, an evaluation of the rental 
market should not consider relations between the Moncloa and Carabanchel in the city of Madrid. 
11 The concept of neighborhood, under the results in the contiguity matrix, is not clear, but the interval defined between [5,9] seems 
the most appropriate. Therefore, a priori it could be thought that the rental market in Madrid operates on a reduced scale. 
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Even though there is some global space concentration of the rental prices, this phenomenon takes 
place in non-stationary spatial processes. This means spatial dependence changes with location 
and, sometimes, there could be small spatial clusters which takes a significant concentration or 
lack of high values. Consequently, there is global spatial autocorrelation in the variable, but each 
dwelling contributes differently to it. 
To asses this problem, another way to evaluate spatial autocorrelation is by using Local Spatial 
Autocorrelation Test (LISA) or the Getis and Ord’s local statistics. The latter (Getis and Ord, 
1992) measures the degree of association from the concentration of weighted points. As an 
inferential statistic, the null hypothesis states there is no spatial clustering and is given as: 
𝐺 =
∑ ∑ 𝑤𝑖,𝑗𝑥𝑖𝑥𝑗
𝑛
𝑗=1
𝑛
𝑖=1
∑ 𝑥𝑖𝑥𝑗
𝑛
𝑗=1
 
(6) 
Where 𝑥𝑖 and 𝑥𝑗 are the variable value for dwellings i and j, and 𝑤𝑖,𝑗 is the spatial weight matrix 
between i and j. The result is a 𝑍𝐺  score which points clustering, in this case, of high prices if is 
more than zero (𝑍𝐺 > 0) and clustering of low prices otherwise (𝑍𝐺 < 0). 
When considering the log (𝑝𝑟𝑖𝑐𝑒/𝑚2) variable and the 9- nearest neighbor spatial matrix, the 
results of the local G indicate that there are signs of clustering in the data (Figure 4). In fact, some 
houses in the Almond Districts show clusters of higher prices in contrast with the rest of the city. 
Therefore, this characteristic of neighborhoods in Madrid could explain the differences in rental 
prices by creating 2 spatial regimes (clusters of higher and lower prices) on the analysis.  
Figure 4: Getis and Ord Local Statistic 
 
3.1.3. Influence buffer analysis 
This research focuses on the impact of Airbnb around each house thanks to its geographical 
information12. If, instead, the study defines the Airbnb density as the total of announces on the 
entire neighborhood, we would be assuming that all Airbnbs affect dwellings by equal and this 
would lead to a bias in the estimation. 
                                                          
12 Not all publications on Airbnb reflect an exact location but have a margin of error of up to 137 meters. For this analysis, 67.98% 
of the sample has an exact location. 
 9 
 
The objective is to quantify the direct impact of those Airbnbs placed near each rental home. 
Therefore, buffers zones were created around each rental house, following Sheppard and Udell 
(2018) proposal. 
From 200, 300 and 500 meters around each dwelling, the number and characteristics of the 
Airbnbs are estimated within that radius of distance. In addition, these buffer zones are defined 
according to the number of active Airbnbs (in the case of this analysis, with a minimum of 6 
months of activity). 
Figure 5 Airbnb Buffer Zones 
 
Following Sheppard and Udell (2018) description 
The results show, on the one hand, a change of scale in the variables as the radius of influence 
increases. On the other hand, the most relevant characteristics remain relatively constant at all 
levels (see Annex 4).  
3.2. Spatial Framework 
Spatial econometrics is based on dealing with two main spatial effects, namely, spatial 
dependence and spatial heterogeneity (Anselin 1998). 
Spatial dependence occurs when a unit’s outcome affects the choices, actions, or decisions of 
other units (Kirby and Ward, 1987; Ward and O’Loughlin, 2002; Plümper and Neumayer 2010).  
Tobler's (1979) "first law of geography" says that "everything is related to everything else, but 
closer things more so”. This implies that things that are closer will be affected by each other and, 
therefore, no considering can cause bias and inconsistency (Cliff and Ord 1981). 
On the other hand, the spatial heterogeneity refers to a variation in relationships over space 
(Lesage 1999). This occurs when the mean or variance/covariance structure changes over a 
mapped process. One of the consequences is that the assumption of homoscedasticity cannot be 
accomplish and a full heteroskedastic error may be assumed. This means there are spatial regimes 
where different subsets of the data have different model coefficients (Anselin 1990). 
Manski (1993) and Elhorst (1993) points out three different types of spatial interaction effects: i) 
endogenous effects: where the decision of a spatial unit to behave depends on the decision taken 
by other units. ii) exogenous interaction effects: where the decision of a spatial unit to behave 
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depends on independent explanatory variables of the decision taken by other units. iii) correlated 
effects: where similar unobserved environmental characteristics result in similar behavior.  
In the standard model, incorporating spatial dependence can be done in two ways: with an 
additional regressor in the form of a spatially lagged dependent variable (Wy), or in the error 
structure (𝜆𝜀) where 𝐸(𝜀𝑖𝜀𝑗) ≠ 0.These can be expressed by using Anselin’s notation (1988): 
 
 
Where 𝑦 is an 𝑛 𝑥 1 vector of observations, 𝜌 is spatial autoregressive coefficient of the spatial 
lag term   𝑊𝑦, 𝜀 is a vector of error terms and 𝑋 are the regressors. 
Equation (7), also called spatial lag model or SAR, describes a spatial lag model. In this case, a 
spatial interaction is incorporated to avoid potential biasing influence. Spatial lag dependence in 
a regression model is like the inclusion of an autoregressive term for the dependent variable 𝑦𝑡−1 
in a time-series context (Anselin and Bera 1998). 
Equation (8) is referred to a spatial error model, that is, a special case of a regression with a non-
spherical error term (Anselin 1988). Under this scenario, the OLS stills remain unbiased but it is 
no longer efficient, and the standard errors will do be biased. 
The presence of the spatial lag term Wy on the right side of Equation (7) will induce a nonzero 
correlation with the error term. Moreover, the spatial lag for a given observation i is not only 
correlated with the error term at i, but also with the error terms at all other locations.  This will 
produce endogeneity and, therefore, 2SLS could be an appropriate estimator.13 
The SAR model can be also express with a more general specification, by including additional 
endogenous variables 
 
where 𝑌 is an 𝑛 𝑥 1 matrix of observations on endogenous variables other than the spatially lagged 
dependent variable. 
This model can be estimated through Spatial Two Stage Least Squares or S2SLS (Anselin 1980) 
that considers an endogenous element (𝑊𝑦) and a list of instruments. These must have a high 
degree of correlation with the regressor and be asymptotically uncorrelated with the error term 𝜀 
(Chasco 2008). The best instruments for the spatially endogenous term are, in fact, the own 
exogenous variables but spatially lagged (𝑊𝑋) (see Kelejian and Prucha 1998; Lee 2003). 
Over the last years, several authors have generalized spatial models with additional endogenous 
predictors (Kelejian and Prucha 2004; Anselin and Lozano-Gracia 2008; Fingleton and Le Gallo 
2008; Betz et al. 2019). The idea is to avoid bias on the estimators which could affect both non-
spatial and spatial regressors14. 
So far, the literature has not included any autocorrelation effect on the estimations of the Airbnb 
effect. And at the same time, it has been proved that ignoring spatial interdependence follows 
asymptotically biased estimates (Betz et al. 2019). 
                                                          
13 As a result of endogeneity, the equation can be readily as = (1 − 𝜌𝑊)−1𝑋𝐵 + (1 − 𝜌𝑊)−1𝑢 . This violates the fundamental 
assumption of uncorrelated error terms 𝐸[𝑥𝑖𝑢] = 0 
14 Betz et al. (2019) demonstrated the bias on the OLS estimators can be seen as ?̂? − 𝛽 = [
𝑐𝑜𝑣(𝑥,𝑢)
𝑣𝑎𝑟(𝑥)
] + 𝜌 [
𝑐𝑜𝑣(𝑥,𝑊𝑦)
𝑣𝑎𝑟(𝑥)
] where the former 
refers to non-spatial endogeneity bias and the latter to spatial endogeneity bias 
𝑦 = 𝜌𝑊𝑦 + 𝑋𝐵 + 𝜀 (7) 
𝜀 = 𝜆𝜀 + 𝑢 (8) 
𝑦 = 𝜌𝑊𝑦 + 𝑋𝐵 + 𝛾𝑌 + 𝜀 (9) 
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The idea under this investigation is to first study the existence of spatial autocorrelation over the 
rental market. Once determined, both spatial lagged and Airbnb endogeneity included in the 
regression must be corrected using instrumental variables. 
3.3. Econometric Model 
Related to the number of regressors, it is difficult to determine which and how many are the most 
relevant characteristics for a hedonic price function (Rosen 1974; Butler 1982). 
Although there is no consensus, there are three categories on which the independent variables are 
usually classified: 1) the basic characteristics of the home, 2) the socioeconomic aspects that 
surround it and 3) the geographical environment. 
As a benchmark model, it is first specifying a standard hedonic housing model with a set of 
explanatory variables: eight are attribute variables, two are geographical characteristics and three 
are related to the Airbnb buffer zone. 
Var.        Description         Units  Source  
log_price_m2    Rent price per square meter log €  Fotocasa and Pisos.com 
Structural Characteristics 
hab   Number of bedrooms   numb.  Fotocasa and Pisos.com 
hab215   Square of hab   numb.   
ban   Number of bathrooms  numb. 
ac   Air Conditioning   0-1   
clo    Closet     0-1 
p_b    Reinforced Door  0-1 
ter    Terrace    0-1 
tras   Storage room   0-1 
Geographical Characteristics 
almendra_c  Almond Districts   0-1  Self-elabor. ArcGIS 
central   Central District   0-1  Self-elabor. ArcGIS 
Airbnb Characteristics 
airbnb   1+Number of Airbnbs  log  Inside Airbnb 
occupancy  Avg. occupancy rate in April numb.  Inside Airbnb 
reviews   Avg. number of reviews so far numb.  Inside Airbnb 
 
The location of an Airbnb, in many cases, is not random and determined by different factors such 
as amenities, proximity to points of tourist attraction or means of transport.  
The exploratory analysis of the data (Section 3.1.2.1.) visually confirms that most of the Airbnb 
announces are located within the Almond Districts where, in addition, almost all the points of 
tourist attraction are concentrated (monuments, parks, commercial premises, etc.).16 Furthermore, 
they also have a higher level of activity as they are mostly occupied among the year and, as a 
result, have more reviews compared with the announces on the periphery. 
Instrumental variables for 𝐿𝑛 (𝐴𝑖𝑟𝑏𝑛𝑏)𝑖𝑓 will then be the average number of reviews from the 
Airbnbs and the average number of days occupied. The idea is intuitive, those listings on Airbnb 
                                                          
15 A descriptive analysis reveals that the relationship between bedrooms and the price/m2 is not linear. This occurs due to the 
management of space through the dwelling and is according with the literature (Li & Brown, 1980) 
16 Only in the Central District there are 3,151 active restaurants and bars (15.93% of total in Madrid) according to the City Council 
of Madrid (2019) 
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that have more influence will have a higher level of activity and, therefore, more days occupied. 
The objective is to use the part of the variable Airbnb that allows explaining its behavior, but 
without being too much correlated with the price of rents. 
Finally, regarding that the location of Airbnbs is mostly concentrated on the Central District, a 
binary variable is defined as 1 if a dwellings unit is in this District and 0 otherwise. 
Once the type of relation and the number of variables is defined, the estimated models are the 
following: 
OLS 
𝐿𝑛 (𝑃𝑟𝑖𝑐𝑒 𝑚2⁄ )𝑖 = 𝛽0 + 𝛽1𝐿𝑛(𝐴𝑖𝑟𝑏𝑛𝑏)𝑖𝑓 + 𝛽2𝑋𝑖 + 𝜀𝑖 (10) 
 
2SLS 
First stage 
𝐿𝑛 (𝐴𝑖𝑟𝑏𝑛𝑏)𝑖𝑓 = 𝛽0 + 𝛽1𝑅𝑒𝑣𝑖𝑒𝑤𝑠𝑖𝑓 + 𝛽2𝑂𝑐𝑢𝑝𝑝𝑎𝑛𝑐𝑦𝑖𝑓 + 𝛽3𝐶𝑒𝑛𝑡𝑟𝑎𝑙𝑖𝑓 + 𝑢𝑖 (11) 
 
Second stage 
 
𝐿𝑛 (𝑃𝑟𝑖𝑐𝑒 𝑚2⁄ )𝑖 = 𝛽0 + 𝛽1𝐿𝑛(𝐴𝑖𝑟𝑏𝑛𝑏̂ )𝑖𝑓 + 𝛽2𝑋𝑖 + 𝜀𝑖  (12) 
 
Where i refers to each property rented and f the radius of the buffer zone over which the impact 
is estimated. 
The variable 𝐿𝑛 (𝑃𝑟𝑖𝑐𝑒 𝑚2⁄ )𝑖 is the logarithm of the price per square meter of each property; 𝑋𝑖 
refers to the set of control variables; 𝑅𝑒𝑣𝑖𝑒𝑤𝑠 is the average number of reviews that Airbnbs 
around the property had so far, 𝑂𝑐𝑐𝑢𝑝𝑎𝑛𝑐𝑦 is the number of average days occupied by those 
Airbnbs around each dwelling in April and 𝐶𝑒𝑛𝑡𝑒𝑟 is a binary variable that has a value of 1 if 
dwellings are in the Center District and 0 otherwise. 
These models do not explicitly consider the spillover effects or any others spatial externalities 
that are important to explain the rental price. As a result, once the OLS and 2SLS models are 
estimated, these effects will be evaluated on the residuals to determine the need of including new 
variables. 
4. Results 
The results below are related to a 500m distance of each dwelling. This radio indicates a greater 
influence for Airbnb and, as expected, the biggest impact over the rental market. 
In addition, the location of the Airbnbs is not exact and being strict about the radius of the buffer 
zone can lead to biases in the estimates. By giving a greater margin, estimations seem to be more 
consistent without misinterpretations. Nonetheless, the results with the rest of the buffer zones 
can be compared in the Annex 6 and Annex 7 of this work. 
In the outputs of Table 1, estimates by both ordinary least squares (OLS) and 2 Stage Least 
Squares (2SLS) produce significant results in all variables17. The idea was to observe the changes 
before and after correcting endogeneity on the Airbnb variable. In this case, the signs remain 
constant in both regressions and are consistent with the review of the literature. 
                                                          
17 The results for all the 2SLS show exogeneity on the instrumental variables and on the Airbnb variable. For more details, see 
Wooldridge (1995) 
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The results, moreover, reject the null hypothesis of no association between the Airbnb effect and 
the rental prices. The variable Airbnb (in this case, number of Airbnbs at 500m around each 
property) has a positive and significant effect on both OLS and 2SLS regressions. This implies 
that, while correcting the problem of endogeneity, Airbnb continued to explain the price levels in 
the City of Madrid. 
As for the goodness of fit, the R2 coefficient was 37.6%. That is to say, the basic characteristics 
of the property, the number of Airbnbs around and the geographical characteristics of belonging 
to a certain area explain 38% of the rental prices in Madrid. However, there still some doubts 
about what could justify the remaining 62% and is not included, such as spatial dependence. 
Once the independent terms have been analyzed, each regression is accompanied by some 
contrasts to evaluate spatial issues (spatial autocorrelation or heteroscedasticity) and non-spatial 
ones (multicollinearity and normality on the error term). 
The Jarque Bera test rejects in both models the null hypothesis of normality in the residuals. This 
would generate complications since non-normal error terms questions any estimate involving the 
maximum-likelihood method. Therefore, the contrasts of heteroscedasticity and the Lagrange 
multiplier test must be interpreted carefully (Anselin 1988). 
The Breusch-Pagan test rejects, significantly, the null hypothesis of homoscedasticity in the 
residuals. Additionally, the results were compared with the White test (White 1980) which also 
supported the existence of heteroskedasticity and, in fact, are robust under a non-normality 
scenario. 
Possible explanations for heteroskedasticity problems can be diverse. According to Anselin 
(1995), while the Breusch-Pagan test detects problems in independent terms, the White test can 
detect heteroskedasticity between groups of data. Therefore, this could be a sign of spatial 
heterogeneity in the models and, as a result, it would be recommended to include spatial regimes 
in the regression. 
On the spatial dependence, the existence of autocorrelation on the residuals was contrasted with 
the spatial weights’ matrix used in this investigation. As a result, the Moran Test and Anselin and 
Kelejian test were significant respectively, warming of a possible spillover effect on the 
regression and verifying what the ESDA demonstrated in section 3.1.2.1. 
In the case of Lagrange multipliers (LMERR, R-LMERR, LMLAG, R-LMLAG), the hypothesis 
of including either spatial autocorrelation by omission of variables (ρW according with the 
Equation (7)) or spatial autocorrelation on the residuals (λ according with the Equation (8)) are 
both contrasted. In this case, the results obtained reject the null hypothesis and indicate a problem 
of spatial dependence both on the error term and the endogenous variable. However, once more 
these results must be interpreted with precaution as there is no normality on the residuals.18 
In economic terms, the presence of spatial autocorrelation shows there is a dependence not only 
on the basic characteristics of a dwelling unit, but also on the rental price of the dwellings around 
it. This could be creating a spillover effect which must be consider in order to avoid bias and 
misspecification. 
 
                                                          
18 Following the classical Anselin’s strategy, the procedure will be to estimate from the specific to the general, that is, beginning 
with an OLS model and both SAR and SEM if there are signs of spatial autocorrelation. 
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Table 1 : Results of the regressions with 500m buffer zone around each dwelling 
 
OLS 2SLS SAR I
-0.176*** -0.175*** -0.166***
0.011*** 0.011*** 0.010***
0.044*** 0.044*** 0.039***
0.056*** 0.057*** 0.056***
-0.024*** -0.024*** -0.019*
-0.041*** -0.041***  -.035***
-0.0323*** -0.0308*** -0.030***
-0.051*** -0.050*** -0.042***
-0.031*** -0.031***  -0.029***
0.265*** 0.249*** 0.167***
2.811*** 2.80*** 2.05***
- - 0.300***
5542 5542 5542
0.3761 0.3766 ª 0.4300 ª
1428.863*** 1909.3*** -
327.278***  369.975*** -
298.778*** 158.446*** -
25.321*** 24.818*** -
630.475*** - -
64.821*** - -
590.226*** - -
24.572*** - -
443.091*** 13.007***
Airbnb 4.334 36.071*** -
Global 187.315*** 216.635*** -
Chow Test for 
Spatial Regimes
0.357
59.052***
3.679
ρW
* p<0.05, ** p<0.01, *** p<0.001                                                                                                                                                                                                                     
ª Pseudo R². Under 2SLS and SAR models, this is estimated as the squared correlation between observed and predicted values of the 
dependent variable (Anselin and Le Gallo 2006; Wooldridge 2015).                                                                                                                                                          
ᵇ This model has been also run using larger spatial weight matrices. In the case of the AA group, the Airbnb effect continued to be not 
significant . As for the BB group, the coefficient was negative and significant in the 22-nearest neighbors , warning of possible externalities 
of Airbnb over the rental market.
R-LMERR
LMLAG
R-LMLAG
Anselin-Kalejian
5542
Almond Districts
Constant
LMERR
0.336***
Test
Jarque Bera
Breusch-Pagan
White 
I Moran
Observations
R² 0.4419 ª
Air Conditioning
Closet
Garage
Terrace
Storage room
Reinforced Door
BB
0.001
0.009
Bedrooms
Bedrooms²
Bathrooms
Airbnbs at 500m                 
(6 months active)
0.017*** 0.023*** 0.012*
AA
Variables SAR II ᵇ
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The new model, called the spatial autoregressive model or SAR I (see section 3.2), includes a 
spatial lag on the 2SLS to estimate if the spillover effect can absorb all the spatial dependence or 
if, on the contrary, it is necessary to include more complex specifications. The expression would 
then be the following:  
𝐿𝑛 (𝑃𝑟𝑖𝑐𝑒 𝑚2⁄ )𝑖 = 𝛽0 + 𝜌𝑊(𝑃𝑟𝑖𝑐𝑒 𝑚2⁄ )𝑖 + 𝛽1𝐿𝑛(𝐴𝑖𝑟𝑏𝑛𝑏̂ )𝑖𝑓 + 𝛽2𝑋𝑖 + 𝜀𝑖 (13) 
 where  𝑊(𝑃𝑟𝑖𝑐𝑒 𝑚2⁄ )𝑖 is the spatially lagged endogenous variable of matrix n x 1 and the rest 
of the variables that remain constant from the previous model (Equation (12)). This means that 
the price of a house depends on its own characteristics, the Airbnbs that surround it and the 
average price of its neighbors. In addition, to correct the endogeneity problems over 
𝑊(𝑃𝑟𝑖𝑐𝑒 𝑚2⁄ )𝑖 and 𝐿𝑛(𝐴𝑖𝑟𝑏𝑛𝑏)𝑖𝑓 I use the same instruments of Equation (11) plus the spatially 
lagged independent terms 𝑋𝑖 (see Section 3.3).  
The objective is, on the one hand, to include the spatial effect on the rental prices. On the other 
hand, to avoid the endogeneity of the Airbnb variable which generates biases on the estimates 
(OLS model or Equation (10)). 
The estimation of the SAR I model was performed by using the Spatial 2 Stages Least Square 
method (S2SLS). Although Anselin (1988) proposes the maximum likelihood method to estimate 
it, it also appeals to the S2SLS as the most appropriate when the hypothesis of normality in the 
error term is not supported (Chasco, 2008). 
The results of the SAR I model, considering the k-nearest neighbor matrix, show that once the 
spatial lagged is incorporated, the Airbnb effect is lower over the rental prices. Therefore, it is 
reliable to think that under previous models this variable was picking up part of the spillover 
effect and not its real effect.19  
The autoregressive spatial coefficient (ρ) has a high level of significance and a positive sign. The 
rest of the variables maintain the coefficients in some cases and in others are reduced. This implies 
that variables such as "Almond Districts" lose explanation since the spatially lagged rental price 
already describes the differences on data. 
To study the spatial dependence on the residuals of the model, normally a S2SLS estimation uses 
the Anselin and Kelejian test (1997) in which the null hypothesis implies absence of spatial 
dependence. 20 In this case, the result of the SAR model rejects the null hypothesis and, therefore, 
assume there continues to be a problem of misspecification. One reason for this spatial 
dependence is precisely the spatial heterogeneity by the differences between clusters on rental 
prices. To solve this issue, two spatial regimes that were observed in the ESDA are then 
incorporated over the SAR I model (see Section 3.1.2.1).  
In this way, the SAR II model will have the following structure: 
𝐿𝑛 (𝑃𝑟𝑖𝑐𝑒 𝑚2⁄ )𝑖 = 𝛽0 + 𝛽1
𝐴𝐴𝐿𝑛(𝐴𝑖𝑟𝑏𝑛𝑏̂ )𝑖𝑓 + 𝛽2
𝐴𝐴𝑋𝑖 + 𝛽1
𝐵𝐵𝐿𝑛(𝐴𝑖𝑟𝑏𝑛𝑏̂ )𝑖𝑓 + 𝛽2
𝐵𝐵𝑋𝑖 + 𝜌𝑊(𝑃𝑟𝑖𝑐𝑒 𝑚2⁄ ) + 𝜀𝑖 (14) 
where AA and BB are the spatial regimes presented in Figure 4: AA would be dwellings with 
high prices surrounded by high ones and BB the rest of the sample. 
                                                          
19 The results are consistent with the rest of the distances whereas Airbnb maintains a positive sign (see Annex). 
20 Anselin and Kelejian (1998) demonstrated that to obtain an appropriate result on the Moran test, the residues are required to be 
normally distributed. Also, as being a test based on OLS models it will tend to under-reject the null when a problem is present. They 
proposed an extended test to residuals called “Anselin and Kelejian test” for a two stage least squares (2SLS) regression estimation. 
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Once again, the model is estimated by using S2SLS where the endogenous variables are the 
spatially lagged price 𝑊(𝑃𝑟𝑖𝑐𝑒 𝑚2⁄ )  and the number of Airbnbs 𝐿𝑛(𝐴𝑖𝑟𝑏𝑛𝑏̂ )𝑖𝑓. 
The SAR II model shows there are differences in how Airbnb affects rental prices in Madrid. First, 
those dwellings contained in a cluster of high prices surround it by high prices (AA) will be more 
affected by the number of Airbnb (0.009) than the rest (0.001), but under any scenario the impact 
is no significant. 
Secondly, the Anselin and Kelejian test allows to assume there is no spatial autocorrelation on the 
residuals. This confirms the idea that the relation between heterogeneity and spatial dependence 
could be, sometimes, confusing. 
The results of the Chow test indicate that, despite obtaining homogeneity on the Airbnb variable, 
at a global level it has not been possible to absorb all the effect of spatial heterogeneity. This 
demonstrates the need to incorporate more complex structures that allow explaining the rental 
princes in a more appropriate way. 
5. Discussion  
The houses located in the Almond Districts are not only characterized by high prices but also for 
having a greater number of Airbnbs around it. In addition, instrumental variables allow 
recognizing those homes surrounded by a higher level of activity in the Airbnb market. 
The traditional models that were first analyzed indicated a biased effect on the dependent variable. 
What was happening is that the Airbnb variable was absorbing part of the spillover effect on the 
rental price. However, once the problem is solved the effect remains positive but without power 
of explanation and with a lower coefficient.  
The non-traditional regressions, like the SAR II model, divided the sample into AA and BB 
houses. Those of the AA group are located within a high Airbnb influence. These are, in turn, 
houses with high prices in areas with a high level of economic and tourist activity. In contrast, 
BB group classify houses located in the rest of the central and the periphery of the City where the 
only feature in common could be in some cases the lower rental prices. Consequently, the Airbnb 
coefficients on the SAR II model have different values because they describe two types of clusters, 
but they are still relatively small. 
As for the reasons of these results, one of the main argues against Airbnb is that landlords are 
being displace from the real estate market to the Airbnb market. This generates a shortage of 
housing supply and, as a result, push rental prices up. However, Madrid seems to be a city where 
the displacement does not occur or at least not in a significant way. The causes are several and 
could include the followings. 
First, the profitability of Airbnb may be lower compared with the real state market. The income 
of an announce depends on how many days it has been rented and at which price. In the case of 
Airbnb, despite of having higher prices the number of days is lower than what is expected (Annex 
5). In fact, during the month of April only 14 days where occupied on average, that is, almost 
50% of the time. But it is also interesting to notice that for non-professional hosts (those with only 
one announce on Airbnb) the average income is very similar to what could be earned in the long-
term market. What is different, and does not appear on the data, is when we distinguish between 
the gross and net income.  
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In the long-term market, part of the incomes for renting a house could be exempt of paying taxes 
in Spain21. This gives more stability when it comes to have a formal contract or receive rents 
every month. On the contrary, having an announce on Airbnb has not fiscal advantages and may 
imply bigger costs for changing of tenants every month. In addition, the regulation only tried to 
supervise the so-called professional hosts without allowing truly sharing economies on the short-
term rental market.  
Second, non-professional hosts must compete against professional ones (many times companies) 
by setting lower prices. This gives them more days occupied but also a lower income at the end 
of the month (Annex 5). In contrast, professional hosts gain more per announce because prices 
are usually higher and, in many cases, they offer a different type of lodgment or services. 
Furthermore, the minimum number required is different and gives them more flexibility on the 
market. 
For these reasons, the incentives to displace dwellings to the Airbnb market might not be enough 
and even riskier in both legal and economic terms.  
Finally, the Airbnb density is low and not uniform if data is entirely analyzed throughout the City 
of Madrid. On the one hand, Airbnb listings are clearly concentrated in the Central District, while 
the rest is mostly in part of the Almond Districts. Hence, the result of a higher impact on this 
region goes in line with what is expected. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
                                                          
21 Art. 23.2 on the Personal Income Tax Law (IRPF). Retrieved April 22,2019. https://www.boe.es/eli/es/l/2006/11/28/35/con 
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6. Conclusion 
The short-term rental market, as a part of a sharing economy, have functioned with a 
different dynamic from the usual market. Airbnb, one of the most important companies 
in the sector, has been object of numerous naggings. The main allege in cities like Madrid 
has been the impact on the real estate market. By displacing owners from the long-term 
to the short-term rental market, prices have increased without any concern from local 
governments. 
Through an empirical study, it was determined that, after correcting the endogeneity and 
spatial dependence on traditional models, Airbnb does not explain the prices of rents in 
the City of Madrid.  
In order to define the geographical space of study, it was first decided to divide the sample 
according to the concept of "Almond Districts". Later, based on the literature some 
buffers zones around each property were created to define the Airbnb density and observe 
their characteristics. From this way, the problem of proximity was corrected as best as 
possible, but always assuming the margin of error on the exact location of the Airbnbs. 
Endogeneity was one of the most relevant problems and a reason for debate in previous 
studies. For this reason, the number of reviews and the average number of days occupied 
by the Airbnbs were found to be adequate instruments. When estimating the model, it was 
observed that under Ordinary Least Squares (OLS) the coefficient was biased. 
Being a geographical issue and not considering the problems of dependence and spatial 
heterogeneity generates biases on the coefficients. Therefore, it was decided to include a 
spillover effect on prices and separate the sample into clusters (high and low prices) to 
evaluate if there were changes in the estimates. The result was that, under both clusters, 
the Airbnb effect was no longer significant, although those houses with high prices 
received a greater impact with respect to the rest.  
Reasons to justify this lack of effect are the unfavorable regulation for Airbnb hosts in 
Madrid, the sparse average number of days occupied and the competitive relation between 
professional and non-professional hosts.  
The results of the study, despite denying that Airbnb does affect the rental price, do not 
reflect other externalities that have been generated in Madrid. However, this study has 
political implications on how local government could properly justify future regulations. 
Finally, it also opens a new debate on which measures should be taken as this market 
have considerably increased in terms of professional hosts. 
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8. Annexes 
 
Annex 1. Political map of Madrid and the Almond Districts 
 
Blue regions belong to the Almond Districts and gray otherwise 
Annex 2: Characteristics of rental dwelling by Districts in Madrid 
 
Centro 21 1695 2 93 16.9%
Arganzuela 16 1207 2 79 2.7%
Retiro 18 2006 3 122 5.3%
Salamanca 19 2320 2 130 12.5%
Chamartin 18 2446 3 144 13.9%
Tetuan 17 1528 2 94 6.5%
Chamberi 19 1777 2 106 9.8%
Fuencarral-el pardo 13 1586 3 135 3.3%
Moncloa-aravaca 16 2245 3 174 5.4%
Latina 11 842 2 77 1.9%
Carabanchel 12 869 2 77 2.4%
Usera 12 896 2 79 1.2%
Puente de vallecas 13 788 2 68 1.0%
Moratalaz 12 924 3 76 0.4%
Ciudad lineal 14 1438 3 112 6.0%
Hortaleza 13 2084 3 177 5.5%
Villaverde 12 921 2 79 0.5%
Villa de vallecas 12 833 2 76 0.6%
Vicalvaro 11 1060 3 112 0.3%
San blas-canillejas 12 1199 2 103 2.6%
Barajas 12 1637 3 157 1.3%
District ObservationsSquare metersPrice (€) Bedrooms
Price per 
square meter 
(€/m2)
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Annex 3. Contiguity Matrix from the rental dwellings database 
 
Annex 4. Airbnbs characteristcs by Districts of Madrid 
 
Annex 5. Differences between professional and non-professional hosts (nº announces) 
 
Source: Inside Airbnb; Estimations can be biased due to some failures in the web scraping  
200m 300m 500m 200m 300m 500m 200m 300m 500m
Centro 50 53 51 15 15 15 159 342 880
Arganzuela 27 32 33 16 18 18 10 23 74
Retiro 28 27 27 15 16 16 12 27 77
Salamanca 17 18 18 16 15 15 19 42 110
Chamartin 14 16 17 13 14 14 5 10 29
Tetuan 19 19 19 16 16 16 9 20 50
Chamberi 23 25 25 15 15 16 15 34 97
Fuencarral-el pardo 6 10 12 8 12 16 0 1 3
Moncloa-aravaca 14 16 17 10 12 13 13 31 92
Latina 16 18 20 9 10 12 2 5 11
Carabanchel 14 16 18 10 11 14 2 4 9
Usera 24 21 23 16 17 19 2 4 11
Puente de vallecas 22 18 20 10 15 17 3 6 16
Moratalaz 11 18 24 6 4 11 1 1 2
Ciudad lineal 13 15 23 13 17 16 2 3 10
Hortaleza 9 12 18 8 14 14 1 2 3
Villaverde 3 7 8 6 15 16 1 1 1
Villa de vallecas 6 14 16 2 7 9 0 1 1
Vicalvaro 10 14 26 1 1 2 0 0 0
San blas-canillejas 19 21 23 6 9 12 1 1 4
Barajas 16 25 36 7 11 14 1 1 3
District
Number of ListingsNumber of reviews Number of days ocupated in April
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Annex 6. Results of the regressions with 300m buffer zone around each dwelling 
 
OLS 2SLS SAR I
-0.175*** -0.174*** -0.165***
0.010*** 0.010*** 0.010***
0.044*** 0.044*** 0.039***
0.058*** 0.058*** 0.056***
-0.023*** -0.024*** -0.019*
-0.041*** -0.041*** -0.035***
-0.031*** -0.0308*** -0.031***
-0.050*** -0.050*** -0.042***
-0.031*** -0.031***  -0.029***
0.261*** 0.258*** 0.170***
2.815*** 2.81*** 2.03***
- - 0.311***
5542 5542 5542
0.3772 0.3784 ª 0.4317 ª
1877.400*** - -
335.250***  358.039*** -
298.792*** 154.203*** -
25.283*** - -
628.339*** - -
69.902*** - -
578.154*** - -
19.717*** - -
- 407.010*** 12.015***
Airbnb 6.024 13.752*** -
Global 185.578*** 192.971*** -
* p<0.05, ** p<0.01, *** p<0.001                                                                                                                                                                                                                     
ª Pseudo R². Under 2SLS and SAR models, this is estimated as the squared correlation between observed and predicted values of the 
dependent variable (Anselin and Le Gallo 2006; Wooldridge 2015).                                                                                                                                                          
ᵇ This model has been also run using larger spatial weight matrices. In the case of the AA group, the Airbnb effect continued to be not 
significant . As for the BB group, the coefficient was negative and significant in the 22-nearest neighbors, warning of possible externalities of 
Airbnb over the rental market.
1.08
Airbnbs at 300m                 
(6 months active)
BB -0.0006
0.002*** 0.022*** 0.010*
R-LMERR
LMLAG
R-LMLAG
Test
Jarque Bera
Breusch-Pagan
White 
I Moran
Chow Test for 
Spatial Regimes
3.691
60.291***
Anselin-Kalejian
LMERR
0.335***
Observations
R² 0.4418 ª
5542
Terrace
Storage room
Almond Districts
Constant
ρW
Garage
AA 0.013
Bedrooms
Bedrooms²
Bathrooms
Air Conditioning
Closet
Reinforced Door
Variables SAR IIᵇ
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Annex 7. Results of the regressions with 200m buffer zone around each dwelling 
 
OLS 2SLS SAR I
0.022*** 0.027*** 0.012***
-0.174*** -0.173*** -0.164***
0.010*** 0.010*** 0.010***
0.045*** 0.045*** 0.039***
0.059*** 0.059*** 0.056***
-0.024*** -0.024*** -0.019***
-0.042*** -0.042*** -0.035***
-0.031*** -0.032*** -0.030***
-0.051*** -0.051*** -0.043***
-0.031*** -0.031***  -0.029***
0.266*** 0.257***  0.162***
2.820*** 2.815*** 1.98***
- - 0.331***
5542 5542 5542
0.3769 0.3778 ª 0.4335 ª
1841.312*** 1909.3*** -
339.408*** 353.045*** -
295.702*** 153.080*** -
25.630*** 24.818*** -
645.614*** - -
74.691*** - -
587.573*** - -
16.651*** - -
542.562*** 9.504*** 1.926
Airbnb 10.101* 26.333*** - 0.264
Global 149.782***  204.118*** - 57.975***
Chow Test for 
Spatial Regimes
* p<0.05, ** p<0.01, *** p<0.001                                                                                                                                                                                                                     
ª Pseudo R². Under 2SLS and SAR models, this is estimated as the squared correlation between observed and predicted values of the 
dependent variable (Anselin and Le Gallo 2006; Wooldridge 2015).                                                                                                                                                          
ᵇ This model has been also run using larger spatial weight matrices. In the case of the AA group, the Airbnb effect continued to be not 
significant . As for the BB group, the coefficient was negative and significant in the 22-nearest neighbors, warning of possible externalities 
of Airbnb over the rental market.
LMLAG
Observations
R² 0.4442 ª
Test
Jarque Bera
Breusch-Pagan
White 
I Moran
LMERR
R-LMERR
R-LMLAG
Anselin-Kalejian
Bedrooms²
Bathrooms
Air Conditioning
Closet
Reinforced Door
Garage
Terrace
Storage room
Almond Districts
Constant
ρW
5542
Variables SAR IIᵇ
Bedrooms BB
0.003
Airbnbs at 200m                 
(6 months active)
AA
0.01
